Ability for accurate hospital case cost modelling and prediction is critical for efficient health care financial management and budgetary planning. A variety of regression machine learning algorithms are known to be effective for health care cost predictions. The purpose of this experiment was to build an Azure Machine Learning Studio tool for rapid assessment of multiple types of regression models. The tool offers environment for comparing 14 types of regression models in a unified experiment: linear regression, Bayesian linear regression, decision forest regression, boosted decision tree regression, neural network regression, Poisson regression, Gaussian processes for regression, gradient boosted machine, nonlinear least squares regression, projection pursuit regression, random forest regression, robust regression, robust regression with mm-type estimators, support vector regression. The tool presents assessment results in a single table using 22 performance metrics: CoD, GMRAE, MAE, MAPE, MASE, MdAE, MdAPE, MdRAE, ME, MPE, MRAE, MSE, NRMSE_mm, NRMSE_sd, RAE, RMdSPE, RMSE, RMSPE, RSE, sMAPE, SMdAPE, SSE. Evaluation of regression machine learning models for performing hospital case cost prediction demonstrated advantage of robust regression model, boosted decision tree regression and decision forest regression.
Introduction
Information on patient-level cost of hospital treatment is vital for cost-effectiveness analysis (e.g. Alpenberg & Scarbrough, 2015; Teague, et al, 2011) . Ability for accurate hospital case cost modelling and prediction is important for efficient health care financial management, budgetary planning and analysis purposes (e.g. Osnabrugge, et al, 2014; Corral, et al, 2016) .
Various types of regression machine learning algorithms have been examined for health care cost predictions. For example, Botchkarev & Andru (2008) investigated multiple linear regression, Sushmita, et al (2015) studied regression tree, M5 model tree and random forest, Srinivasan, Currim & Ram, (2017) conducted experiments with hierarchical decision trees, random forest, linear regression and gradient-boosted trees.
Commonly, research teams investigate low number of regression types in one experiment: two to four. Also, specifics of algorithms implementation, use of different performance metrics and particularities of employed data sets make results of the studies difficult to compare, interpret and reproduce.
To overcome this problem, current research focused on developing a tool that would embrace multiple types of regression models in the same experiment, use diverse (but the same for all algorithms) performance metrics, allow for easy change of input data sets.
Methodology Objective
The objective of the experiment was to build an Azure MLS tool and compare various types of regression machine learning models for hospital case cost prediction and select models with higher performance for further examination.
Experiment Platform
Microsoft Azure Machine Learning Studio (https://studio.azureml.net) has been selected as a platform for building a tool and conducting experiments. Selection of the Azure MLS was motivated by the following features directly contributing to the objectives of the study: -Cloud-based machine learning as a service.
-Web-based solution -user needs browser only to work with the system. No set up, installation and maintenance concerns or complications. -Easy to use drag and drop canvas interface for intuitively clear aggregating computing modules into an experiment. -Several ready to use built-in regression modules. -Flexibility of using R and Python languages to code experiments. -Ability to integrate functions from R packages. -Easy to access, password-protected integrated development environment. -Capability to publish results of experiments to the web.
-Capability to re-use published experiments or their components. -Low fee (pay as you go) or even free service.
Regression models included in the experiment
Azure built-in models:
-linear regression, -Bayesian linear regression, -decision forest regression, -boosted decision tree regression, -neural network regression and -Poisson regression.
Azure MLS built-in algorithms were complemented by models developed using R language modules: Execute R Script and Create R model:
-Gaussian processes for regression, -gradient boosted machine, -nonlinear least squares regression, -projection pursuit regression, -random forest regression, -robust regression, -robust regression with mm-type estimators, -support vector regression (support vector machine).
Data analysis
The experiment used a simulated data set intended to mimic hospital information. The data set had the following columns (features): Intervention, Diagnosis, Case Mix Group (CMG), Gender, Age Group (Age Gr), Relative Intensity Weight (RIW), Length of Stay (LOS), Cost. Total number of rows in the data set is 7,000.
An overview of the data set characteristics is provided in Appendix 1. Note that the data set is simulated and no warranties are provided as to the validity of the data and how closely it simulates real-world information.
Out of scope. Building operational HCC model and making actual HCC predictions was out of scope.
Experiment phases
Phase 1. The purpose of the experiment Phase 1 was to investigate predictive power of the features (columns) of the data set. Azure MLS Filter-Based Feature Selection module was used to score all features with several criteria and select most important. This phase allowed identifying which columns must be used in the experiment because they contribute the most to the model results and which should not be used.
Phase 2. The purpose of the experiment Phase 2 was to compare Azure MLS built-in types of regression machine learning models: linear regression, Bayesian linear regression, decision forest regression, boosted decision tree regression, neural network regression and Poisson regression.
In Phase 2, all models were used with Azure default parameters. For convenience, outputs of all models are presented in a single table. In the modules where custom random seed number is allowed, it was set to 12345.
Output provides a single combined table of the results for all regression types models used in the experiment and the names of algorithms. R script was used to build a combined Phase 3. Fine tune models' parameters. The purpose was to tune regression model parameters to enhance performance metrics. In some sources, this process is called model optimization. Azure Tune Model Hyperparameters module was used for perform optimization.
Phase 4. Assessing models' tolerance to change. The purpose of Phase 4 was to examine the reaction of the models on the changes introduced into computing environment and datasets, e.g. setting different seed numbers in model calculations, changing percentage of data split between the data sets used for testing and scoring, changing (adding or removing) features of the data set.
Phase 5. The objective of Phase 5 was to experiment with all 14 regression types. Both available in Azure as built-in modules and developed with R language. Azure MLS provides a "Create R Model" module to develop algorithms using R language and capitalize on a vast variety of regression methods implemented in R Studio. The following types of regression were implemented: Gaussian processes for regression, gradient boosted machine (GMB), nonlinear least squares regression, projection pursuit regression, random forest regression, robust regression, robust regression with mm-type estimators, support vector regression (support vector machine). Table 1 shows which R packages and functions were used in the experiment. Terminology. In this paper, terms are used per the Azure MLS conventions, e.g. more commonly used R squared is called a coefficient of determination (CoD).
A list of abbreviations is shown in Appendix 6.
Outcome of the study. The operational tool has been published to the web (Botchkarev, 2018) . It can be used by researchers and practitioners to reproduce the results of this study, conduct experiments with their own data sets or add more regression models to the framework.
Experiment Results

Phase 1 Results
The data set has been tested using Azure MLS Filter-Based Feature Selection module with the following selection criteria: Pearson Correlation, Mutual Information, Kendall Correlation, Spearman Correlation, Chi Squared and Fisher Score. Results are presented in Table 2 . Based on the feature selection exercise, the training data set has been transformed into six (6) versions with different numbers of included features. Table 3 shows lists of columns in the dataset versions. Please note sequential removal of less important columns between versions. The table also shows the names of the tests in the further experiments based on the data sets they used. 
Phase 2 Results
The following types of machine learning regression models available in Azure MLS as built-in modules were tested in the experiment: linear regression, Bayesian linear regression, decision forest regression, boosted decision tree regression, neural network regression and Poisson regression.
Results of the Phase 2 experiment are shown in the Appendix 2 Table A2 
Fig. 4. Regression Comparison Experiment Flow Chart
Results Phase 3
In Phase 2, all models were trained using Train Model module, specific for each regression type, with default parameters. Azure default parameters may not, and most likely will not, be the best for a specific data set. Tuning model parameters may allow gaining better results in terms of performance metrics criteria. In some sources, this process is called model optimization. Azure Tune Model Hyperparameters module was used for perform optimization.
The structure of the experiment to tune parameters of the Decision Forest Regression is shown in Fig. 5 . The chart has two parallel flows. One, for the experiment with default parameters, and the second, on the right side, for tuning the parameters. To run the tuning experiment, certain settings must be made in two modules: Decision Forest Regression (DFR) and Tune Model Hyperparameters (TMH). Settings in the DFR module define the ranges in which parameters will be tuned. There are four parameters: minimum number of samples per leaf node, number of random splits per node, maximum depth of the decision trees and number of decision trees. Settings in the TMH module define the way in which parameter values will be changed in the experiment, e.g. whether the process will involve scanning (sweeping) all possible combinations of points -Entire Grid, or sweeping will be done across random parameter values onlyRandom Sweeping. Also, optimization criterion must be selected in the TMH module. Mean Absolute Error was used as a criterion in all optimization experiments. Tables 4 and 5 , respectively. These algorithms demonstrated the best ability for tuning. Each table shows performance metrics before and after tuning and optimum parameters that were identified. Also, the tables present levels of improvement for each performance metric compared to the default parameters.
Fig. 5. Direct Forest Regression Tuning workflow chart
Results Phase 4
The following experiments were conducted in Phase 4:
 Changing seed numbers (from initial 12345 to 98642) in the models (where possible).  Changing percentage of split between testing data set and scoring data set from 0.5 (50% testing, 50% scoring) to 0.7 (70% testing, 30% scoring).  Changing number of data set features: from initial cost, LOS, RIW and age group to cost, LOS, RIW.
For each option, Azure built-in regression models (5 types) were run and performance metrics were recorded and compared. Tables with metrics data are provided in the appendices and show absolute and relative variances between options:
 Changing seed numbers -Appendix 3.  Changing percentage of split between testing data set and scoring data set -Appendix 4.  Changing number of data set features -Appendix 5.
Results Phase 5
Combined results of an integrated tool. Fig. 6 shows combined workflow of Azure built-in and R-based regression models. Table 6 shows combined performance metrics for Azure built-in and R-based regression models. Performance of the Boosted Decision Tree Regression and Decision Forest Regression is shown for the optimized versions which moved there position up the list.
Parameters of the R-based modules were not tuned. Most models from R packages were used with default parameters.
Also, modules for multiple linear regression were built with both glm and lm functions. The results are not shown as they are the same as were gained for the Azure linear regression built-in model. In general, there may be a reason to use glm and/or lm functions in Azure experiments if there is a need for directly announcing independent variables in order to add or remove individual features. Functions glm and lm can be used in Azure without calling R libraries (i.e. {stats} or {cars}. Selecting most informative features led to intuitively expected results. By all criteria (see Table  1 ), RIW feature was identified as the most important followed by LOS (with only one exception: second important by Chi Squared was Diagnosis). The scores given to RIW and LOS were significantly higher than those of other features. At the same time, Intervention, Diagnosis and Gender were found the least important by most criteria. CMG and Age Group had mixed standing in the middle of the scale.
Discussion Phase 2
Analysis of the Phase 2 testing suggested removal of some models from further consideration. A quick look at the testing results show that neural network regression and Poisson regression models have significantly lower values of all performance metrics compared to other models.
Another four (4) types of models (i.e. linear regression, Bayesian linear regression, decision forest regression and boosted decision tree regression) were compared by three (3) performance metrics: mean absolute error (MAE), root mean squared error (RMSE) and coefficient of determination(CoD). The results are presented in Table A2 .2 in Appendix 2.
Overall, performance metrics of all models display similar association with number of features of the testing data set. Performance improves (i.e. MAE and RMSE decrease and CoD increases) when certain data set features are removed (going from Test 1 to Test 6). Significant improvement is observed going from Test 1 to Test 3 (i.e. diagnosis, intervention, case mix group columns are removed one by one). For the tests from 4 to 6, performance of all models stabilizes at the same ranges: 400-500 dollars for MAE, 1,990-2,300 dollars for RMSE, and 0.65-0.75 for CoD. The only exception is the performance of the DFR model, which has certain drop of results in Test 5. Based on the Phase 2 experiments further testing was conducted with testing data sets 4, 5 and 6. Comparison of individual performance of the models gives mixed results.
The best MAE is shown by Decision Forest Regression (DFR). The best RMSE is demonstrated by Linear Regression (LR) and Bayesian Linear Regression (BLR). The best CoD is recorded for Decision Forest Regression (DFR) and Boosted Decision Tree Regression (BDT).
To re-iterate, the differences in performance metrics for all models were not significant, and all of them were admitted to Phase 3 experiment with data sets Test 4 to Test 6.
As it was noted, Test 4 to Test 6 contain features with most predictive power, identified in the feature selection exercise. So, the results of the feature selection process and results of the errors analysis in the experiment support each other and confirm that using less informative features is not only leading to inefficiency, but also may directly decrease the performance of prediction.
An attempt was made to combine less informative features (Intervention, Diagnosis, CMG, Gender) into a single column using Azure Principal Component Analysis (PCA) module (located in Scale and Reduce, Data Transform). Combined column (a set of positive and negative numbers) has been added to the data set in Test 4. The experiment did not reveal any improvement of performance by any type of regression. Analysis of this combined column using Filter Based Feature Selection module also shows that the predictive power of the combined feature was negligible (but not zero).
Discussion Phase 3
Parameter tuning experiments have shown that Decision Forest Regression and Boosted Tree Regression models are responsive to parameter sweeping. Optimization by the minimum mean average error demonstrated improvement by 5% for Decision Forest Regression and 16.9% for Boosted Tree Regression (see Tables 4 and 5 ). All other performance metrics improved for optimized models as well. Decrease of the root mean squared error (RMSE) provides evidence that larger errors were less proliferant in the tuned models as large errors contribute the most to the value of the RMSE. Both optimized Decision Forest Regression and Boosted Tree Regression models demonstrate similar absolute values of performance metrics: 402-403 dollars for mean average error and 0.75-0.76% for coefficient of determination.
Parameter tuning experiments with all other types of regression, i.e. linear regression, Bayesian linear regression, neural network regression and Poisson regression, either were not possible or did not produce improvements in performance metrics compared to default options.
Discussion Phase 4
Seed number change experiment has shown that algorithms Decision Forest Regression and Boosted Decision Tree Regression are tolerant to the change (Appendix 3). The change in MAE was under 1%.
Changing split ratio from 0.5 to 0.75, i.e. making testing data set larger, led to enhanced performance of most algorithms by MAE (Appendix 4).
Changing number of data set features from initial cost, LOS, RIW (HCC-Test_5) and age group to cost, LOS, RIW (HCC-Test_6), i.e. removing age group column, enhanced MAE of most algorithms by 2-8%, except Bayesian Linear Regression and Random Forest Regression (Appendix 5).
Discussion Phase 5
Results of the experiments with all 14 models show that performance metrics, especially MAE, vary in a wide range (see Table 6 ). In terms of MAE, minimum error is around $250 and maximum is around $550. Robust regression demonstrated the best performance (MAE $255). This result is significantly better than for all other R-based models. Also, robust regression outperforms all Azure MLS built-in models. To confirm this finding, robust regression has been calculated with two different algorithms: rlm function from {MASS}, and lmrob function from {robustbase}. Both algorithms returned practically same results.
For majority of the methods, coefficient of determination is close to 0.70 -0.75.
Combined performance metrics for Azure built-in and R-based regression models (considering parameter tuning), show that Robust Regression model performed the best (MAE $255) followed by Boosted Decision Tree Regression ($402) and Decision Forest Regression ($403). Although, the latter two display this performance only with tuning (optimization). These algorithms also displayed good tolerance to changes.
Application of the tool is not limited to cost prediction. The tool can also be used for similar types of predictions, e.g. hospital length of stay prediction, or in sectors other than health care.
Limitations
Note that the tool has been built and tested using numerical only data with no n.a. (missing) elements. Certain regression models do not except categorical data and conversion to numerical format may be required.
Note that the data set used in the experiment is simulated and no warranties are provided as to the validity of the data and how closely it simulates real-world information.
Note that, because of the previous point, the numerical results of the experiment cannot be used to make actual predictions.
Concluding Remarks
The practical contribution of this study is in delivering an Azure Machine Learning Studio tool for rapid assessment of multiple types of regression models. The operational tool has been published to the web at Azure MLS (Botchkarev, 2018a) . It can be used by researchers and practitioners to reproduce the results of this study, conduct experiments with their own data sets or add more regression models to the framework.
The tool offers environment for comparing 14 types of regression models (linear regression, Bayesian linear regression, decision forest regression, boosted decision tree regression, neural network regression, Poisson regression, Gaussian processes for regression, gradient boosted machine, nonlinear least squares regression, projection pursuit regression, random forest regression, robust regression, robust regression with mm-type estimators, support vector regression) in a unified experiment and presents assessment results in a single Using the developed rapid assessment Azure MLS tool, various types of regression machine learning models were evaluated for performing hospital case cost prediction. The higher performance was demonstrated by robust regression model, and tuned versions of the boosted decision tree regression and decision forest regression. 
